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vABSTRACT
Biological functions of compounds can be predicted from similarity of their
chemical structures to discover new compounds for drug development. Molecular
similarity can also be used to infer unknown functions and side effects of existing
drugs. A multitude of molecular similarity methods based on different molecular
representations have been used to perform virtual screenings. The molecules are
transformed into descriptors to create a chemical database which allows mathematical
manipulation and searching of the chemical information contained in the molecules.
In this research, a new Shape based Descriptor of Molecule (SBDM) was developed
based on the 2-dimensional shape of a chemical compound. The outline shape of
a molecule is split into parts that are related in graph connectivity. The first atom
in the molecule is determined using the Morgan algorithm. The molecular features,
such as atom name, bond type, angle and rings are represented using specific symbols
based on some specification rules. Subsequent atoms are scanned in a clockwise
direction with respect to the first atom. The scan is repeated until the first atom is
reached again. Two similarity measures were used to evaluate the performance of the
molecular descriptors, which are the Basic Local Alignment Search Tool (BLAST)
and the Tanimoto coefficient. The performance of the SBDM is compared with six
standard molecular descriptors. Simulation of virtual screening experiments with the
MDL Drug Data Report database show the superiority of the shape-based descriptor,
with 19.32 % and 34.13 % in terms of average recall rates for the top of 1 % and 5 %
retrieved molecules, respectively, compared to the six standard descriptors mentioned
earlier.
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ABSTRAK
Fungsi biologi sebatian boleh diramal dari persamaan struktur kimia mereka
untuk meneroka sebatian baru untuk pembangunan ubat-ubatan. Persamaan molekul
juga boleh digunakan untuk menilai fungsi yang tidak diketahui serta kesan sampingan
ubat-ubatan sedia ada. Satu kaedah persamaan molekul berdasarkan perwakilan
molekul yang berbeza telah digunakan untuk melaksanakan pemeriksaan maya.
Molekul-molekul tersebut diubah menjadi penghurai untuk mewujudkan pangkalan
data kimia yang membenarkan manipulasi matematik dan pencarian maklumat kimia
yang terkandung di dalam molekul-molekul tersebut. Dalam kajian ini, satu Penghurai
Molekul baru berasaskan Bentuk (SBDM) dibangunkan berdasarkan bentuk 2-dimensi
sebatian kimia. Bentuk rangka molekul dipisahkan kepada bahagian-bahagian yang
berkaitan dalam satu hubungan graf. Atom pertama dalam molekul ditentukan dengan
menggunakan algoritma Morgan. Ciri-ciri molekul, seperti nama atom, jenis ikatan,
sudut dan pergelangan diwakili menggunakan simbol-simbol tertentu berdasarkan
beberapa peraturan spesifikasi. Atom-atom yang seterusnya diimbas mengikut arah
jam bersandarkan atom pertama. Imbasan ini diulang sehingga atom pertama dicapai
semula. Dua ukuran persamaan digunakan untuk menilai prestasi penghurai molekul,
iaitu Alat Pencarian Penjajaran Tempatan Asas (BLAST) dan pekali Tanimoto.
Prestasi SBDM dibandingkan dengan enam penghurai molekul piawai. Simulasi
eksperimen pemeriksaan maya menggunakan pangkalan data Laporan Data Ubatan
MDL menunjukkan keunggulan penghurai berdasarkan bentuk, di mana pencapaian
19.32% dan 34.13% dari segi purata kadar ingatan, masing-masing untuk 1% dan 5%
molekul tertinggi yang dicapai semula, berbanding dengan enam penghurai piawai
yang dinyatakan sebelum ini.
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CHAPTER 1
INTRODUCTION
1.1 Introduction
Chemoinformatics is the collection, representation and organization of
chemical data to create chemical information in which it can be applied to create
chemical knowledge. In pharmaceutical and agrochemical industry, Chemoinformatics
has been used for identification of novel compounds with useful and commercially
valuable biological properties. The drug discovery process is very complex and it is a
multi-disciplinary task with many stages to be performed in a long time. However, the
molecule that has the potential to become drugs may cause unexpected long-term side
effects and the drug discovery process can take about 12 years and the costs may be up
to $350 million per drug [1].
The high costs of bringing a drug into the market have increased the pressure
on the pharmaceutical industries. Therefore, attention is given to research and
development in order to develop faster and more effective way to produce chemical
compounds that can react to the disease and also produce antibodies towards the
disease. This has encouraged the study of chemoinformatics and drug discovery as
one of the new areas in Malaysia’s research and development (R&D) [1].
The primary task of the similarity calculation and molecular searching in
chemical database is to find and quantify the relationship between structures of
compounds with the hope that the quantity represents similarity in physical, chemical,
or biological properties. Thus, an appropriate description (molecular descriptor)
2of chemical structure for the property to be represented is an essential task.
Molecular descriptors are numerical values (or vectors of numbers) that characterize
properties of compounds. They can be generated from a machine-readable structure
representation like a 2D connection table or a set of experimental or calculated 3D
coordinates. Molecular descriptors should be effective (can differentiate between
different compounds) and efficient (fast to calculate) by playing a vital role in similarity
calculations especially when a large database is used. However, there is a conflict
between these two requirements since the most effective descriptors tend to be the
least efficient to calculate, and vice versa. Molecular descriptors can be classified
into 1D, 2D and 3D descriptors. Molecule representations based on the real shape
of the molecules are important because it represents the physical interaction between
molecules, especially protein-ligand bindings, instead most of the descriptors are
developed based on the molecule features or topological indices.
1.2 Problem Background
In organic chemistry research the chemists synthesize novel compounds that
exhibit the desired properties and perform better than existing compounds. The
commercial objective is to sell these new and superior compounds directly or in new
products containing them. During the process from the initial creation of a new
compound until it is commercialized, a lot of data related to it is generated such as
physiochemical properties, analytical and toxicological data. All this data needs to be
stored and scientists must be able to search it by chemical structure [2].
The chemist performs a chemical reaction and enters the relevant chemical
structures, the exact procedure and outcome into this electronic lab notebook (ELN)
so that other chemists can find it and repeat the reaction if necessary. After this new
compound is synthesized, a new entry for it is generated in the chemical registration
system. Unfortunately there is not much scientific literature concerning how and what
such registration systems do [2]. The main purpose is to assign each compound a
unique in-house reference number that then can be used to cross-reference it. There
are many commercial software solutions for ELNs and chemical registrations such
as those from PerkinElmer (CambridgeSoft), Accelrys, ChemAxon or Dotmatics to
name a few. However these solutions may be costly especially if they also require
a commercial relational database management system (RDBMS). An exception is
3ChemAxon Compound Registration [2] [3] [4] which runs on MySQL. Another issue
is that they are closed-source and if such systems are used in the context of scientific
experiments, the experiment is not fully reproducable by other scientists unless they
also have access to a license for the same system. Because these systems need to be
highly configurable, they are also very complex. Configuring and administrating such a
system requires a lot of very specific expertise. Consequentially, it can be advantageous
to build your own solution especially for organizations that already have an in-house
software development department [5, 6, 7]. A custom solution does not have to be
highly configurable as it can be tailored to your needs. This includes administrative
interfaces for user management and specific tasks like informing all users about new
features. Such tools can greatly reduce administrative overhead [2].
The foundation of a chemical information system is the ability to represent
molecules in a computer and to compare a molecule’s structure with another.
Molecular comparison has been used in the early chemical information systems, e.g.
structure and substructure searching [8, 9]. Structure searching involves searching a
chemical database for a particular query structure with aims to retrieve all molecules
with an exact match to the query structure whereas substructure searching retrieves
all molecules that contain the query structure as a subgraph. The equivalence
(similarity) between two structures can be achieved by using a graph and subgraph
isomorphism algorithms. Isomorphism algorithms are time consuming because it is
a combinatorial problem. Various isomorphism algorithms have been developed for
efficient performance but they are still too slow for large chemical databases [10, 11,
12, 13], However, structure and substructure searching were later complemented by
another searching mechanism called similarity searching.
Similarity searching methods may be the simplest tools for ligand based virtual
screening. The basic idea in similarity searching is the similar property principle,
which states that structurally similar molecules will exhibit similar physicochemical
and biological properties [14]. Over the years, many ways of measuring the structural
similarity of molecules have been introduced [15, 16]. 2D similarity methods can be
divided into two classes, the first class is the graph-based similarity methods and the
second class is the fingerprint-based similarity methods. The graph-based similarity
methods directly compare the molecular structures with each other and identify the
similar (or common) substructures. These methods relate parts of one molecule to
parts of the other molecule, they generates a mapping or alignment between molecules.
Maximum common sub-graph method (MCS) is an example of the graph-based
4similarity methods. Another example of the graph-based similarity methods is the
feature trees. The feature trees were introduced by Rarey and Dixon [17], which are
the most abstract way of representing a molecule by means of a graph. A feature
tree represents hydrophobic fragments and functional groups of the molecule and the
way these groups are linked together. Each node in the tree is labelled with a set of
features representing chemical properties of the part of the molecule corresponding
to the node. The comparison of feature trees is based on matching subtrees of two
feature trees onto each other. Feature trees allow similarity searching to be performed
against large database, when combined with a fast mapping algorithms [18]. However,
the most common similarity approaches use molecules characterized by fingerprints
that encode the presence of fragments features in a molecule. The similarity between
two molecules is then computed using the number of sub-structural fragments that is
common to a pair of structures and a simple association coefficient [19].
1.3 Problem Statement
The shape similarity between two molecules can be determined by comparing
the shapes of those molecules; find the overlap volume between them and then use
similarity measure (e.g. Tanimoto) to calculate the similarity between the molecules.
However, most of the works in shape-based similarity approaches depended on the
3D molecular shape [20, 21]. Recently, shape-based similarity approaches have been
used more. The shape comparison program Rapid Overlay of Chemical Structures
(ROCS) [22] is used to perceive similarity between molecules based on their 3D
shape. The objective of this approach is to find molecules with similar bioactivity
to a target molecule but with different chemotypes, i.e., scaffold hopping. However,
a disadvantage of 3D similarity methods is that the conformational properties of the
molecules should be considered and therefore these methods are more computationally
intensive than methods based on 2D structure representation. The complexity increases
considerably if conformational flexibility is taken into account. There are many
2D structure representations in a numerical form integer or real. The simplest 2D
descriptors are based on simple counts of features such as hydrogen donors, hydrogen
bond acceptors, ring systems (such as aromatic rings) and rotatable bonds, whereas
the complex 2D descriptors are computed from complex mathematical equations such
as 2D fingerprints and topological indices. Topological indices are integer or real
value numbers (single value) that represent the constitution of the molecules and
can be calculated from the 2D graph representation of molecules and may contain
5additional property information about the molecule [23, 24, 25]. They characterize
molecular structures according to their size, degree of branching and overall shape
where the structural diagram of molecules is considered as a mathematical graph, but
not the contour of molecule shape. In this thesis, we introduced a new shape-based
molecular descriptor that have been inspired by research in information retrieval on
the use of contour based shape descriptor for image retrieval systems [26, 27, 28].
Shape-based molecular descriptor is a new method to obtain rough description of
2D molecular structure from its 2D outline shape of its 2D diagram. shape-based
molecular descriptor is a textual descriptor that allows rigorous structure specification
by the use of a very small and natural grammar.
1.4 Research Question
This study will focus on the following questions:
1. How can we develop new descriptor based on 2D shape of molecule to be used
in similarity searching?
2. How can this descriptor be modeled to represent the molecule in fingerprint
format?
3. How can graph theory be applied to canonical representation of molecule for
similarity searching?
1.5 Research Aim
Molecular descriptors play a fundamental role in chemistry, pharmaceutical
sciences, environmental protection policy, and health researches. The molecules are
transformed into numbers, allowing some mathematical treatment of the chemical
information contained in the molecule. The aim of this research is to propose and
develop a new descriptor for chemical compounds based on their 2D shape used in
6similarity searching and molecular retrieval.
1.6 Objectives
The objectives of this research are as follows:
1. To develop a new descriptor based on 2D molecular structure shape for similarity
searching.
2. To develop a new fingerprint descriptor for shape based representation of
chemical compound.
3. To develop canonical representation based on 2D shape of molecule and graph
theory for molecular similarity searching.
1.7 Research Scope
In order to achieve the objectives stated above, the scope of this study is limited
to the following:
1. Develop the new descriptor based on the shape of molecules extracted from 2D
connection table representation.
2. To evaluate the new descriptor and compared with the six standard descriptors
(ALOGP, MACCS, EPFP4, CDKFP, PCFP, GRFP), then evaluate using
Tanimoto coefficient.
3. The database aimed to be used in this study is only limited to chemical data from
MDL Drug Data Report (MDDR).
71.8 Significance and justification of study
The field of molecular descriptors is strongly interdisciplinary and involves a
mass of different theories. For the definition of molecular descriptors, knowledge of
algebra, graph theory, information theory, computational chemistry, theories of organic
reactivity and physical chemistry is usually required. This study is going to produce a
descriptor based on shape of molecules, which can be used in similarity searching in
chemical database for drug design and discovery.
1.9 Organization of the report
This thesis will be organized into seven Chapters. Chapter 2 will describe the
relevant literature review, the fundamentals of chemoinformatics from the molecule
descriptors and the molecule searching. Chapter 3 introduces the methodology that is
used to build up the proposed descriptor. Chapter 4 introduces the development of the
first model labeled as ”Language for Writing Descriptor or Outline Shape of Molecule
(LWDOSM)”. The development of the second model 2D Fingerprint Descriptors of
Outline Shape of Molecules using the stepwise fragmentation of the first language is
presented in Chapter 5 and finally Chapter 6 presents the third and the last model of
our work shape-based molecular descriptor SBDM. Chapter 7 discusses and concludes
this thesis, highlights the contribution and finding of this work, and provide suggestions
and recommendations for future research.
1.10 Summary
The molecular descriptor is the final result of a logic and mathematical
procedure which transforms chemical information encoded within a symbolic
representation of a molecule into a useful number or the result of some standardized
experiment. This Chapter gives an overview of the problems involved in the
representation of chemical database that store the molecular structures. It highlights
the importance of the problem, especially for similarity searching and drug discovery.
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